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1. Introduction 
The sewer system is an essential infrastructure, but it is very expensive to build and maintain. However, 
maintenance of the system is important in order to account for the ageing sewer system and maintain functionality. If 
a sewer is not maintained in time it can break down and induce damage to roads and buildings placed upon it. Replacing 
the sewers after break-down have shown more expensive than to perform intime rehabilitation or replacement of the 
sewer [1]. However, due to the under-ground position of the sewers they are hard to monitor 
Monitoring of the sewer system is often performed by Closed Circuit Television inspection (CCTV inspection). 
CCTV inspection is performed by sending a robot with camera through the sewer system and manually annotating all 
the events present in the sewers. This is very time consuming and thereby expensive for which reason effort is put into 
automate the inspection technics [2]. However, there is still a long way before these techniques can fully replace 
manual inspection. Therefore, the utilities need to prioritize, which sewers to inspect. In order to help the utilities 
identifying, which sewers to prioritize several decision-support tools have been developed [3]–[6]. These tools 
typically consist of a deterioration model, predicting the condition state of the sewer or the probability of the sewer to 
be in a certain condition and a consequence model for determining the criticality in case of sewer failure. By combining 
them the users have a risk based prioritizing tool. One decision support tools also includes an economic model for 
prioritizing the sewers [5]. 
Where the consequence models are based on easily accessible data such as distance to buildings, industry areas, 
hospitals, schools, beaches and roads, the deterioration of the sewers is harder to determine. It depends on several 
factors including both environmental, operational, hydraulic and physicality of the sewers. In order to optimize the 
prediction of the condition several deterioration models have been developed or evaluated since 2018 [3], [5]–[16]. 
The approaches for modeling the deterioration of the sewers have traditionally been split in to deterministic, 
statistically and artificial intelligence or machine learning approaches [17]. The models developed today are typically 
either based on statistical or machine learning methodologies. Since 2018 the following statistical approaches have 
been utilized: Bayesian Network [6], Gompertz models [8], [9], Logistic Regression [10], [14], and Monte Carlo 
Makov Chain [7], [12]. Likewise, since 2018, the following machine learning approaches have been utilized: Random 
Forest [8], [10], [14], [16], other forest based methods [13], Ant Colony Optimization [3], and Support Vector Machine 
[11]. 
Some of the methods have been tested in a way that makes them comparable with others by e.g. the sensitivity and 
specificity of the results [14]–[16], [18] or the number of true positive, true negative, false positives and false negatives 
[8], [10]. However, it is still hard to compare the different models as one might prioritize a high sensitivity over the 
specificity and opposite. Comparison of the models is further complicated by the privacy of the data sets. This means 
that the models are developed based on data sets with different ratio between good and bad pipes. An example of how 
the different data sets can give different results is presented by [10] who tested different models on both a German 
data set and at Columbian data set. Likewise, the deterioration of the pipes varies as for instance concrete pipes are 
very sensitive to corrosion due to sewerage [19]. In many cases one model is trained or calibrated to all the sewer pipes 
at the same time [6]–[8], [10], [11], [14], [16]. However [15] made Bayesian Logistic Regression models for concrete, 
clay, metallic and plastic pipes respectively, while others focused on specific material groups such as plastic [12] or 
the material groups with the most pipes represented [13]. This leaves the question of whether it is beneficial to develop 
a deterioration model based on specific data groups such as material, wastewater type and road type, or if it is sufficient 
with one model for all data groups. The answer to this question leads to another question, which is, whether or not a 
model should be evaluated according to the performance of separate data groups or the overall performance of the 
model. In the cross-field between data science and material science, these questions are sometimes raised by the end 
users of the deterioration models, such as decision makers at utilities. Therefore, investigation of this will help aligning 
the expectations between the end users of the deterioration models and the developers.  
The scope of this paper is to investigate the effect of developing several Random Forest models based on logical 
grouped data sets compared to developing one general model for the whole data set. The use of machine learning 
methods in this field is still in its infancy and Random Forest is at present state of the art. 
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2. Method 
2.1. Data and preprocessing 
The data has been withdrawn from a database where 35 Danish utilities have entered the results of CCTV 
inspections performed on their sewer networks. Only pipes which allowed for extraction of all predicter and target 
variables were withdrawn from the database. Likewise, in order to avoid pipes with incorrect registrations only pipes 
with realistic registrations were withdrawn. Examples of suspicious data could be if a pipe did not fit into following 
spans: 0 years ≤ pipe age ≤ 169 years, 63 mm < pipe dimension < 3000 mm and 0.6 m < pipe depth < 10 m. 
furthermore, a datapoint would be considered suspicious if several pipes had the exact same damage percentage. The 
final data set consisted of 119.919 pipes. 
 
The annotation of the occurrences in the CCTV inspections follow the Danish standard for CCTV inspection of 
sewers [20]. Hereafter, the damage percentage of the sewers was calculated. The damage percentage is a weighted 
evaluation of each occurrences’ contribution to the total damage percentage [21]. It is worth noticing that, due to the 
way of calculating the damage percentage, it is possible to obtain a damage percentage above 100. Finally, the damage 
percentage is transformed to a continuous scale ranging from 0-10. The formula for this is inspired by the Danish 
standard for calculating the physical index [21] and can be seen in equation 1. 
 
𝑇𝑇𝑇𝑇 = 5 · 𝑙𝑙𝑙𝑙𝑙𝑙(𝐷𝐷𝐷𝐷 + 1)    (1) 
 
In equation 1 TS refers to the transferred scale and DP refers to the damage percentage. The predictor variables 
available is the same as those presented by [16] which in general terms relate to: Dimension and length of the pipes, 
material type, wastewater type, if and how the sewer have been rehabilitated, surrounding areas (industry, city etc.), 
surrounding buildings and trees, soil types, road classes and position of the pipes. In addition to these parameters the 
slope and the ground water level have been found. As the slope is not accessible for all pipes, this data set contains a 
little less data than the data set used for [16]. The data set consists of both binary and continuous variables. 
2.2. Logical data groups 
The logical data groups in this study was found by consultation with construction engineers with several years of 
experience within sewer management. It was concluded that the main separation parameter should be the material. 
Due to a high number of concrete and plastic sewers, these data groups were further split into sub-groups. For concrete 
Fig. 1 Overview of the investigated data groups and the corresponding number of pipes. 
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pipes the sub-groups were based on the wastewater types running in the sewers (sewerage, rain and combined) and 
for the plastic pipe the sub-groups were based on the road type placed upon them (traffic road, primary road, secondary 
road, tertiary road and other road). An overview of all the logical data groups investigated in this study and 
corresponding number of pipes within the data group can be seen in Fig. 1. 
2.3. Models 
The model used in this study is a Random Forest model with the same settings as described in [16]. A benefit of 
using a Random Forest model is that it can handle data sets with both binary and continuous variables. Before training 
the model the data set for each data group is randomly split with 90 % for training and 10 % for test. The model is 
trained to predict the TS for each of the data groups. The model was set up using scikit-learn in Python [22]. 
2.4. Test 
The models are trained to predict the TS, however, in order to compare the results with other methods the sensitivity 
and specificity of the models should be calculated. Furthermore, the precision of the models was calculated as this is 
important when the decision maker must prioritize which sewers to inspect. Another benefit of calculating the 
precision is that it can be used to account for the mixed distribution of good and bad pipes in different data groups 
when evaluating the models. In order to calculate the sensitivity, specificity and precision of the models all pipes with 
a TS ≥ 6 was considered to be in bad condition, and all pipes with a TS < 6 was considered to be in good condition. 
As earlier described the performance of different models can be very hard to compare due to the prioritization of 
sensitivity versus specificity. For this reason, the sensitivity of the models was fixed to 0.80 for testing purposes. 0.80 
is based on a compromise presented by [14]. In order to adjust the sensitivity of a regression model the split between 
which pipes are predicted as being in a bad condition and which are predicted to be in a good condition can be changed 
till the sensitivity hits 0.80 as illustrated in Fig. 2. Finding the sensitivity of 0.80 was done using the Brents algorithm 
or Golden search for scalar optimization in the Python library SciPy [23]. If the two search methods came up with 
different sensitivity the one closest to 0.80 was chosen. If the sensitivity was too far away from 0.80, indicating that a 
local minimum was found for both methods, boundaries for the TS were set in order to find the correct minima. All 
the models were trained 10 times, and the mean and standard deviation for each data group was calculated. 
Fig. 2 Illustration of how the balance between sensitivity and specificity can be adjusted by changing 
the splitting point for the predictions. The figure is inspired from [16]. 
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In order to compare the total performance of the models trained on the logically grouped data sets with the model 
trained on the full data set the weighted sensitivity, specificity and precision were found. This was done for each level 
of data groups presented in Fig. 1. The formulas for calculating the weighted sensitivity can be seen in equation 2. 
 
𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊 = 𝑇𝑇𝑇𝑇𝐷𝐷𝐷𝐷1 + 𝑇𝑇𝑇𝑇𝐷𝐷𝐷𝐷2 + … +  𝑇𝑇𝑇𝑇𝐷𝐷𝐷𝐷𝐷𝐷𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 + 𝐹𝐹𝑁𝑁𝑇𝑇𝑇𝑇𝑇𝑇     (2) 
 
In equation 2 the WSens is the weighted sensitivity, TPDG is the number of true positives in each data group, TPTot 
is the total number of true positive predictions and FNTotal is the total number of false negative. The formula for 
calculating the weighted specificity can be seen in equation 3. 
 
𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊 = 𝑇𝑇𝑁𝑁𝐷𝐷𝐷𝐷1 + 𝑇𝑇𝑁𝑁𝐷𝐷𝐷𝐷2 + … +  𝑇𝑇𝑁𝑁𝐷𝐷𝐷𝐷𝐷𝐷𝑇𝑇𝑁𝑁𝑇𝑇𝑇𝑇𝑇𝑇 + 𝐹𝐹𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇     (3) 
 
In equation 3 WSpec is the weighted specificity, TNDG is the number of true negatives, TNTot is the total number 
of true negative and FPTotal is the total number of false positive. The formula for calculating the weighted precision 
can be seen in equation 4. 
 
𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊 = 𝑇𝑇𝑇𝑇𝐷𝐷𝐷𝐷1 + 𝑇𝑇𝑇𝑇𝐷𝐷𝐷𝐷2 + … +  𝑇𝑇𝑇𝑇𝐷𝐷𝐷𝐷𝐷𝐷𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 + 𝐹𝐹𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇     (4) 
 
In equation 4 WPrec is the weighted precision. 
3. Results 
The predictions for respectively the general model and the models trained on pipes within a specific material group 
can be seen in Fig. 3. From the figure it can be seen where the splitting point should be placed in order to obtain a 
sensitivity at 0.80 for each of the models.  
An overview of the specificity and precision for each model can be seen in Table 1. This table also contains 
information on the performance of the general model for each data group when the splitting point is adjusted to the 
specific data groups. The model trained on the full data set obtained a sensitivity at 0.78 ±0.01 when the specificity is 
fixed at 0.80. The weighted specificity for the models trained on the logically grouped data set was calculated to be 
0.73 ± 0.00. Furthermore, the general models obtain a precision of 0.62 ± 0.01 and thereby outperform the models 
trained on the material specific data sets as these obtain a precision of 0.57 ± 0.00. 
3.1. Sub-division of the concrete group 
An overview of the performance of the model trained on all the concrete pipes and the models trained on 
respectively the concrete pipes containing sewage, rain and combined water can be seen in Table 2. From the table it 
can be seen that the model trained on the concrete data set and models trained on subgroups of the concrete data set 
performs similar as they obtain a specificity of respectively 0.69 ± 0.00 and 0.69 ± 0.01 and a precision of respectively 
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Table 1. Overview of the performance of the general model, the general model’s performance on each material group and the performance of the 
models trained on material specific data when the sensitivity is fixed at 0.80. The mean and standard divination have been found by training each 
model 10 times. 
 General model Models trained on material specific data 
 Sensitivity ↑Specificity ↑Precision Splitting point Sensitivity ↑Specificity ↑Precision Splitting point 
All pipes 0.80 ± 0.00 0.78 ± 0.01 0.62 ± 0.01 5.18 ± 0.03 0.80 ± 0.00 0.73 ±0.00 0.57 ± 0.00 - 
Concrete 0.80 ± 0.00 0.69 ± 0.02 0.65 ± 0.01 5.39 ± 0.02 0.80 ± 0.00 0.69 ± 0.01 0.65 ± 0.01 5.38 ± 0.02 
Plastic 0.80 ± 0.00 0.82 ± 0.00 0.24 ± 0.02 2.86 ± 0.21 0.80 ± 0.01 0.83 ± 0.02 0.25 ± 0.02 2.93 ± 0.18 
Clay 0.80 ± 0.01 0.60 ± 0.01  0.66 ± 0.07 5.44 ± 0.23 0.81 ± 0.02 0.59 ± 0.11  0.65 ± 0.07 5.63 ± 0.28 
Reinforced w. 
lining 
0.80 ± 0.01 0.52 ± 0.04 0.44 ± 0.05 4.10 ± 0.20 0.82 ± 0.03 0.55 ± 0.03 0.45 ± 0.04 4.08 ± 0.12 
Other material 0.82 ± 0.05 0.76 ± 0.06 0.44 ± 0.08 3.68 ± 0.51 0.80 ± 0.05 0.80 ± 0.09 0.36 ± 0.10 3.33 ± 0.42 
 
Fig. 3 Results for the general model trained on all the pipes and for the models trained on material specific data. The vertical lines in the graphs 
show the position of the splitting point in order to obtain a sensitivity of 0.80. 
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Table 2. Overview of the performance of the concrete model, the concrete model’s performance on each wastewater group, and the performance 
of the models trained on concrete pipes containing sewage, rainwater and combined water respectively when the sensitivity is fixed at 0.80. The 
mean and standard divination have been found by training each model 10 times. 
 Concrete model Models trained on concrete and wastewater data 
 Sensitivity ↑Specificity ↑Precision Splitting 
point 




0.80 ± 0.00 0.69 ± 0.01 0.65 ± 0.01 5.38 ± 0.02 0.80 ± 0.00 0.69 ± 0.00 0.65 ± 0.00 - 
Sewage 0.80 ± 0.00 0.69 ± 0.02 0.66 ± 0.02 5.49 ± 0.05 0.80 ± 0.00 0.69 ± 0.02 0.67 ± 0.01 5.50 ± 0.05 
Rain 0.80 ± 0.00 0.72 ± 0.01 0.60 ± 0.01 5.12 ± 0.04 0.80 ± 0.00 0.71 ± 0.01 0.59 ± 0.01 5.06 ± 0.04 
Combined 0.80 ± 0.00 0.65 ±0.02 0.67 ± 0.01 5.51 ± 0.04 0.80 ± 0.00 0.65 ± 0.01 0.67 ± 0.01 5.51 ± 0.03 
 
3.2. Sub-division of the plastic group 
It has turned out that it is not possible to make a fair evaluation of whether it is beneficial to split the plastic pipes 
into road groups with the amount of data available for this study. This is because that only very few bad pipes are 
available for some of the groups. Especially the category ‘other road’ is sensitive to this and in one case only one bad 
pipe was present in the test set. In ‘other cases’, it was discovered that when the sensitivity in one test was fixed at 
0.80 the specificity could easily vary with 0.10 due to the small amount of bad pipes in the data group. 
4. Discussion 
Sewer management is a very hot topic with several new models being published since 2018. In this paper we 
investigated if it would be beneficial to develop one general model trained on a data set containing all the available 
types of pipes or if it would be more beneficial to split the data set into sub-data sets based on logically selected groups 
of data.  
As seen in Table 1. there is no significant difference in the performances of the general model and the models 
trained on material specific data sets, when considering different material types and corresponding splitting points, as 
the variation in specificity and precision is within one standard deviation. The similar performance of the two 
approaches is underlined by the facts that 1) the splitting points for the two approaches are within one standard 
deviation when considering the different material groups and 2) the distribution of the predictions in Fig. 3 looks 
similar. 
When considering the overall performance of the models, the general model, with a specificity at 0.78 ± 0.01 and 
a precision at 0.62 ± 0.01, significantly outperforms the models trained on the material specific data sets which obtains 
a specificity at 0.73 ± 0.00 and a precision at 0.57 ± 0.00. The reason for this is that the general model allows for a 
sensitivity > 0.80 on e.g. the concrete pipes and < 0.80 on e.g. the plastic pipes, and thereby encounters the fact that 
the plastic pipes generally are in a better condition than the concrete pipes. This is underlined by the fact that when 
using the general models’ threshold, the sensitivity is 0.84 ± 0.00 for the concrete pipes and 0.30 ± 0.02 for the plastic 
pipes. Likewise, the specificity and precision for the concrete pipes, when using the general threshold, decreases to 
respectively 0.63 ± 0.01 and 0.62 ± 0.01 for the concrete pipes and increases to respectively 0.98 ± 0.00 and 0.54 ± 
0.04 for the plastic pipes. Thereby the general model encounters the heterogeneity in the data, which is not accounted 
for when treating each data group individually. 
The results for whether it makes sense to split the concrete data set into three sub-data sets for the wastewater types 
showed that it did not make significant difference. Likewise, it was investigated if it would be beneficial to split the 
plastic data set according to road type, however, the plastic pipes were in too good condition in order to make a fair 
comparison. 
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Table 3 Comparison of our results to the results obtained in the literature. *The numbers were found by calculating the weighted sensitivity and 
specificity using equation 2 and 3 respectively. ** The precisions for the different data groups were calculated based on confusion matrices 
presented by the authors 
 Our models (best versions) Best results from Kabir 2018 [15] 
 Sensitivity ↑Specificity ↑Precision ↑Sensitivity ↑Specificity ↑Precision** 
All pipes 0.80 ± 0.00 0.78 ± 0.01 0.62 ± 0.01 0.69* 0.88* 0.28 
Concrete 0.80 ± 0.00 0.69 ± 0.01 0.65 ± 0.01 0.64 0.89 0.18 
Plastic 0.80 ± 0.00 0.83 ± 0.02 0.24 ± 0.02 0.50 0.98 0.40 
Clay 0.80 ± 0.01 0.60 ± 0.01 0.66 ± 0.07 0.75 0.86 0.44 
Reinforced w. lining 0.80 ± 0.01 0.55 ± 0.03 0.44 ± 0.05 - - - 
Metallic - - - 0.67 0.97 0.33 
Other material 0.80 ± 0.05 0.80 ± 0.09 0.44 ± 0.08 - - - 
 
The good performance of the general model according to the models trained on the logically grouped data sets is 
most likely due to the modelling method used in this paper: Random forest is an ensemble of different decision trees. 
The decision trees are randomly grown, but weight is put on the most informative splits, so that the most influential 
parameters are likely to contribute to the trees [24]. 
A comparison of our results to the results presented in the literature for different data groups can be seen in         
Table 3. 
As seen in Table 3 it can be hard to compare our results to the results obtained by [15], as we have specified the 
sensitivity to be 0.80 whereas [15] has chosen the balance between sensitivity and specificity based on the form of the 
ROC curve. For clay pipes [15] performs better than our clay models do when considering specificity whereas our 
models have a better precision. Regarding the performance on the plastic pipes it is hard to compare our model to [15] 
as they only have four plastic pipes in bad condition. In all cases except for plastic, our models perform best regarding 
precision whereas Kabir has a higher sensitivity. The fact that we both obtain a higher sensitivity and precision than 
[15], while obtaining a lower specificity, indicates that our data set is less heterogeneous than the one used by [15]. 
The difference in heterogeneity in the data sets can be due to 1) the pipes in the data set used by [15] generally being 
in a better condition than the pipes in our data set or 2) that we use a broader definition of when a pipe is said to be in 
a bad condition than [15]. 
When comparing the results from the model trained on the full data set, without considering any sub-groups, our 
model performs slightly better than the best model presented by [16]. [16] used the same model setup as used in this 
article to obtain a specificity at 0.76 for their best model when the sensitivity was fixed at 0.80. This is most likely 
due to inclusion of the slope and groundwater level which were not included in [16]. Our model also outperforms [14] 
whom obtained a specificity of 0.47 when the sensitivity was set to 0.80.  
5. Conclusion 
This paper contributes to the general knowledge about development of deterioration models by investigating how 
the performance of the predictions is influenced by the training data set. It was investigated how the performance was 
affected when training on a full data set and when training on logically grouped sub-data sets. The results showed that 
there is no significant difference between the two approaches when considering their performance on specific data 
groups. Moreover, it was shown, that the general model performed better when considering the overall performance 
as it encounters the heterogeneity of the data. 
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